This study sought to model rates of inflation in Ghana using the Autoregressive Conditional Heteroscedastic models. In particular, the ARCH, GARCH and EGARCH models were compared. Monthly rates of inflation from January 2000 to December 2013 were used in the study with the rates from January 2000 to December 2012 serving as the training set and January 2013-December 2013 serving as the validation set. The result revealed that the EGARCH (1, 2) model with a mean equation of ARIMA (3, 1, 2) × (0, 0, 0) 12 was appropriate for modelling Ghana's monthly rates of inflation. A one year out-of-sample forecast for the year 2014 shows that Ghana would experience double digit inflation with an end of year inflation rate of 15.0% and a margin of error of 0.9%. This study would inform and guide policy-makers as well as investors and businessmen on management of expected future rates of inflation.
INTRODUCTION
Price stability is one of the main objectives of every government as it is an important economic indicator that governments, politicians, economists and other stakeholders use as basis of argument when debating on the state of the economy (Suleman and Sarpong, 2012) . In recent years, rising inflation has become one of the major economic challenges facing most countries in the world especially developing countries such as Ghana. David (2001) described inflation as a major focus of economic policy worldwide. This is rightly so as inflation is the frequently used economic indicator of the performance of a country's economy due to the fact that it has a direct effect on the state of the economy. In Ghana, the debate on achieving a single digit inflation value has been the major concern for both the government and the opposition parties. While the government boasts of a stable economy with consistent single digit inflation, the opposition parties doubt these figures and believe that the figures had been cooked up and do not reflect the true situation in the economy. Despite the different opinions on the inflation figures, it is important to point out that, both the government and the opposition parties are concerned about the inflation (general level of prices) in the country as it affects all sectors of the economy. Webster (2000) defined inflation as the persistent increase in the level of consumer prices or a persistent decline in the purchasing power of money. Hall (1982) also expresses inflation as a situation where the demand for goods and services exceeds their supply in the economy.
Traditional time series models assume a constant conditional variance. However, to a large extent most economic and financial series often exhibit non constant conditional variance (Heteroscedastic) and hence traditional time series do not perform well when used to forecast such series. The heteroscedasticity affects the accuracy of forecast confidence limits and thus has to be handled by constructing appropriate nonconstant variance models (Amos, 2010 Engle (1982) and later it was modified by Bollerslev (1986) to a more generalized form known as the GARCH. The GARCH model has been used most widely for the specification of the ARCH. The GARCH model imposed restrictions on the parameters to assure positive variances. Nelson (1991) therefore presented an alternative to the GARCH model by modifying the GARCH to Exponential GARCH (EGARCH) model. Unlike the GARCH, the EGARCH does not need the inequality restrictions on the parameters to assume a positive variance.
Empirical researches have been carried out in the area of inflation modelling and forecasting in Ghana. Examples include Alnaa and Ahiakpor (2011) and Suleman and Sarpong (2012) , etc. All these researchers attempted to model inflation in Ghana using models that did not capture the conditional heteroscedasticity of the time series inflation data. However, it has been argued by Campbell et al. (1997) that it is both statistically inefficient and logically inconsistent to use and model volatility measures that are based on the assumption of constant variance over some period when the resulting series progress over time. Abledu and Agbodah (2012) found ARIMA (1, 1, 0) to be the best model in an attempt to analyze and forecast the macroeconomic impact of oil price fluctuations in Ghana using annual data from 2000 . Suleman and Sarpong (2012 concluded that the ARIMA (3, 1, 3) × (2, 1, 1) 12 best represent the behaviour of inflation rates. Alnaa and Ahiakpor (2011) found ARIMA (6, 1, 6) to be the best fitted model for forecasting inflation in Ghana.
The volatility in the consumer prices of some selected commodities in the Nigerian market were also examined by Awogbemi and Oluwaseyi (2011) and the results showed that ARCH and GARCH models are better models because they give lower values of AIC and BIC as compared to the conventional Box and Jenkins ARIMA models.
Existing literature have modelled the rates of inflation for Ghana using models that assume constant variance over time such as the ARIMA of the BoxJenkins. Not much work had been done on modelling the rates of inflation in Ghana using models that assume non-constant variance over time. This indicates a gap in literature and as such the novelty of this paper. The paper provides empirical evidence on modelling rates of inflation in Ghana using the Autoregressive Conditional Heteroscedastic models.
MATERIALS AND METHODS
The study used sample data spanning from January 2000 to December 2013 with the rates from January 2000 to December 2012 serving as the training set and January-December of 2013 serving as the validation set. The data were obtained from the official website of the Ghana Statistical Service (GSS) and modelling was done with the aid of the EVIEWS 5.0 and PASW/SPSS 20.0 statistical software. The models used in this study are briefly described as follows.
Autoregressive
Conditional Heteroscedastic (ARCH) model: An ARCH process is a mechanism that includes past variance in the explanation of future variances (Engle, 2004 ). The ARCH model was developed by Engle (1982) which provides a systematic framework for volatility modelling. ARCH models specifically take the dependence of the conditional second moments in consideration when modelling. Let {x t } be the mean-corrected return, ε t be the Gaussian white noise with zero mean and unit variance and I t be the information set at time t given by I t = {x 1 , x 2 , …, x t-1 }. Then the ARCH (m) model is specified as:
where, α 0 >0 and α i ≥0, i = 1, …, m and:
and the error term ε t is such that E (ε t |I t ) = 0 and V (ε t |I t ) = 1.
Generalized
Autoregressive Conditional Heteroscedastic (GARCH) model: The ARCH formulation can lead to complexity if the order of the model is higher. This necessitated the introduction of the GARCH model as an extension of the ARCH models by Bollerslev (1986) . Let x t = r t -u t be the mean corrected return, where r t is the return of an asset, is the conditional mean of x t . Then x t follows a GARCH (m, s) model if:
where, {ε t } is a sequence of independent, identically distributed random variable with mean zero and unit variance and the parameters of the model are α i , i = 0, …, m and β j , j = 1, …, s such that α i ≥0 and β j ≥0; ∑ 1 , where v = max (m, s) and α i = 0 for i>m and β j = 0 for j>s. The constraints on α i + β i implies that the unconditional variance of x t is finite, whereas its conditional variance σ 2 t evolves over time.
Exponential
Generalized Autoregressive Conditional Heteroscedastic (EGARCH) model: Despite the added advantage that the GARCH model brought to the ARCH-type models, the GARCH model also had the weakness of an inability to capture the asymmetry effect that is inherent in most real life financial data (Frimpong and Oteng-Abayie, 2006) . To circumvent this problem of asymmetric effects on the conditional variance, Nelson (1991) extended the ARCH framework by proposing the Exponential GARCH (EGARCH) model. The EGARCH (m, s) model can be stated alternatively as: Figure 1 shows the time series plot of the monthly inflation data showing a general overview of the series. From Fig. 1 , it is can be seen that the data was not stationary as shown by a slow decay in the ACF of the series and a very significant spike at lag 1 of the PACF with marginal spikes at other lags as shown by Fig. 2 . Furthermore, Fig. 2 shows significant spikes at lag 12 of the PACF which indicates that there is the presence of seasonal variation in the data set. The Augmented Dickey-Fuller (ADF) and PhilipsPerron (PP) tests were performed and the results shown by Table 1 indicated that the series were not stationary over the period. Hence the ordinary differencing transformation was carried out and the ADF and PP tests performed on the transformed data indicated stationarity as shown in Table 2 . The rapid decay in the ACF and the PACF of the transformed data as shown in Fig. 3 confirms the stationarity of the data after the ordinary differencing. Figure 3 shows significant spikes at lags 12 of the ACF and also at lags 12 of the PACF which suggest that as seasonal moving average and seasonal autoregressive components need to be added respectively to the model. Due to the differencing of the data and the presence of seasonality, several ARIMA (p, d, q) × (P, D, Q) 12 models were fitted to the transformed data and the best model selected based on the maximum value of loglikelihood and minimum values of Akaike Information Criteria (AIC) and Bayesian Information Criteria (BIC). From Table 3 , the ARIMA (3, 1, 2) × (0, 0, 0) 12 was the best model based on the selection criteria used. This model was then estimated with all the parameters being significant as shown in Table 4 . The model diagnosis as given by Fig. 4 shows that the standardized residuals exhibit random variation about their mean. From Table 5 , the Breusch-Godfrey LM test of the residuals indicates that there was no autocorrelation whilst the ARCH LM test indicates the presence of ARCH effects. This suggests that an ARCH model would provide more reliable results. Hence, several ARCH models with a mean equation of ARIMA (3, 1, 2) × (0, 0, 0) 12 were estimated and the best model selected based on the maximum value of log-likelihood and minimum values of Akaike Information Criteria (AIC) and Bayesian Information Criteria (BIC). From Table 6 , the EGARCH (1, 2) model was the best model based on the selection criteria used. The model was then estimated with all the parameters except AR (2) significant as shown by Table 7 . The model diagnosis as given by Fig. 5 shows that the standardized residuals exhibit random variation about their mean. From Table 8 , the ARCH LM test indicates the absence of ARCH effects. These results imply that the EGARCH (1, 2) model is the most appropriate for the monthly rates of inflation in Ghana. The forecast performance of the EGARCH (1, 2) is shown in Fig. 6 .
RESULTS AND DISCUSSION
Finally, a one year out-of-sample monthly forecast for the year 2013 were obtained as shown in Table 9 . Comparing the observed values and the forecast values, Table 9 : One year out-sample forecast for the year 2013 it is seen that the EGARCH (1, 2) model was able to produce values that mimic the behavior of the observed values. The model parameters were estimated again using all the data set (January 2000 to December 2013) and a one year out-of-sample forecast for the year 2014 was obtained as shown by Table 10 and 11 respectively.
From Table 11 , it is seen that although the rates of inflation would be in double digits, there would be a decrease up to the end of the first quarter of 2014. However, it would increase from the beginning of the second quarter till the end of the third quarter and then decrease marginally toward the end of the year. 
CONCLUSION
The study sought to provide empirical evidence on modelling rates of inflation in Ghana using the Autoregressive Conditional Heteroscedastic models. In particular, the ARCH, GARCH and EGARCH models were compared. Several other forms of these models were fitted using the monthly rates of inflation in Ghana and based on the AIC and BIC values the best performing model was selected. There was significant evidence of ARCH effects in the monthly rates of inflation. As a result, the EGACRH (1, 2) model with a mean equation of ARIMA (3, 1, 2) × (0, 0, 0) 12 was appropriate for modelling Ghana's monthly rates of inflation. A one year out-of-sample forecast of the monthly rates of inflation from the model produced very close values as compared to the observed values for the year 2013 implying that the model was able to mimic the underlying stochastic behavior of the monthly rates of inflation for Ghana. Subsequently a one year out-of-sample forecast for the year 2014 shows that Ghana would experience double digit inflation with an end of year inflation rate of 15.0% with a margin of error of 0.9%. These findings would benefit a host of people including economists, monetary policy markers and international businessmen. It also has important implications for investment processes on the stock markets. The study therefore recommends to all concerned to make use of the autoregressive Heteroscedastic models when forecasting monthly rates of inflation due to the presence of significant ARCH effect in the monthly series.
